Objectives: This study compared three methods to screen charts of pneumonia patients for excess days.
INTRODUCTION
Medically unnecessary days increase the costs of the hospital stay [1] , reduce resources available for critically ill patients and expose patients to nosocomial infections [2] . A recent study of 50 Department of Veterans Affairs medical centers revealed that an average of 48% of hospital days in those facilities were medically unnecessary [3] . Studies in two community hospitals found a prevalence of medically unnecessary days of 10.6% and 11.9% [4, 5] .
The traditional method to monitor length of stay has been utilization review. With this method, individual cases identified by reviewers as having a problem in care are referred for corrective action. More recently, it has been suggested that a better method to identify system problems is to monitor practice profiles, i.e. the percentage of a large series of cases that potentially have a problem [6] . Practice profiles can be used to quantify the excess stay, identify possible causes of excess stay (e.g. the practices of specific physicians or differences in care on weekends) and evaluate the effect of interventions (e.g. adding more social workers) on A. J. Hartzef al.
excess stay. Practice profiles can be obtained by tabulating the results of the individual reviews. The differences between practice profiles and traditional utilization review are more in the philosophy of how the data should be used than in how the data are obtained.
The purpose of the present study is to compare three automated criteria for detecting excess stay. These methods can be used either to obtain practice profiles or as a screen to determine the necessity for a more labor intensive utilization review.
METHODS

Data collection
A derivation data set was used to refine the methodologies and a validation data set was used to evaluate them. The derivation data set included the records of 235 patients hospitalized between 1 January 1988 and 31 December 1990 at a tertiary teaching hospital (Froedtert Memorial Lutheran Hospital, Milwaukee, Wisconsin, USA) with a principal diagnosis of pneumonia. Patients with any of the following characteristics were excluded from the study: history of organ transplantation, acquired immune deficiency syndrome, cystic fibrosis, metastatic cancer, transfer from acute care hospital, died before discharge, left against medical advice, or discharged to another acute care institution. When these criteria were applied, 37 patients were excluded and 198 patients included in the analysis. All of the patients included had community-acquired or aspiration pneumonia.
The validation data set was composed of information from patients with pneumonia admitted between 16 November 1992 and 10 April 1994. Data were abstracted from 125 patients after excluding, prior to abstraction, any patients meeting the exclusion criteria for the derivation data set. Eleven additional patients were excluded due to mis-diagnosis, history of transplant, transfer to acute care hospital or death. Two patients were excluded because they were found, on physician review, to be unnecessary admissions. A total of 112 patients were analysed in the validation data set.
Two computer programs were used by trained nurse reviewers to abstract the data for the derivation data set. The first was the Uniform Clinical Data Set System (UCDSS), a computer program developed by the Health Care Financing Administration (HCFA) for obtaining detailed demographic and clinical data [7] . This program had the capacity for capturing up to 1800 different types of clinical information from the medical record. An average of 346 items of information were abstracted from the medical record for the patients in this study. A second computer program designed specifically for this study was used to record additional data that were not present in UCDSS but were relevant to determining the severity of the pneumonia. The data elements found to be significantly associated with length of stay for pneumonia that were collected by either one of these programs are shown in Table 1 .
A third computer program was used to collect information for the validation data set. This program was used to abstract all risk factors previously found in the derivation data set to predict length of stay and all information needed for a computerized clinical algorithm discussed below. The data abstraction portion of the program was linked to an artificial intelligence program, VP Expert [8] , that ran the clinical algorithm.
Development of length of stay screens
The three screens to identify patients with excess stay that were evaluated in this study are summarized in Table 2 . The first screen was based entirely on the observed stay. Patients staying longer than a given number of days would be flagged by this screen. For example if six days were chosen as the target length of stay then all patients who stayed longer than six days would fail this screen.
The second screen also used the patient's length of stay, but took into account the predicted length of stay based on patient characteristics. This screen required a determination of a predicted length of stay based on the patient's severity of illness. For example, the record of a patient who was not very sick on admission might fail this criteria even though she was only hospitalized for four days, or the record of a much sicker patient might not be flagged even though the patient stayed eight days.
To derive the equation for determining predicted stay, stepwise linear regression analysis Chart of patient who stayed 10 days did not fail the criteria because the patient had a temperature of 103T on day eight using the STATA software [9] was performed on the 198 patients from the derivation data set. Although it would have been ideal to include in the prediction equation only objectively assessed patient characteristics that were determined independently of clinical judgement, we also included some process measures in the prediction equation, such as whether or not the A. J.Hartzrta/. patient was admitted to an ICU on the first day of their stay. These process characteristics are proxies for patient characteristics that would be time-consuming or impossible to abstract from the record. The disadvantage of including these process measures is that physician management decisions affect a patient's predicted length of stay.
The equation obtained from the stepwise procedure was modified in two ways: (1) comorbidities or abnormalities that were negatively associated with length of stay were eliminated from the equation; (2) the equation was validated on data from the national UCDSS, collected by HCFA from seven states. Items that were clinically questionable and were not independently associated with length of stay in the UCDSS data set at the p < 0.20 level were removed from the equation. The final prediction equation was used as the basis for the equation-based screen (EBS). A stay would be flagged by the EBS if the observed length of stay was greater than predicted by some specified amount.
The third screen was a clinical algorithm. This algorithm used clinical criteria to evaluate whether the patient was sick enough at the end of the stay to justify continued hospitalization. For example, if a patient who stayed 10 days still had a high fever on day eight, the stay would be justified.
Our starting point for developing the clinical criteria was the Appropriateness Evaluation Protocol (AEP) [10] . The AEP is a method of assessing each day of the stay to determine whether it required hospitalization. The method assesses the patient's severity of illness, procedures, nursing and life support services, and medical therapy. For several reasons it was necessary to modify the published version of the AEP: (1) the method requires considerable abstraction time to obtain all of the necessary data; (2) it is a generic system that does not consider important disease-specific data; and (3) the system depends a great deal on how patients are managed rather than the condition of the patient.
The modification of the AEP to make it specific for pneumonia patients is shown in the Appendix. These changes included the development of explicit guidelines for the use of intravenous antibiotics and fluids as well as management of comorbid conditions. The modified AEP was used as part of the review to determine unnecessary length of stay as described below. It was also used as the starting point for developing a simplified clinical algorithm that could be represented easily in a computer program. By applying the AEP on a sample of 46 charts in the derivation data set, we found that whether or not a hospital day for a pneumonia patient was justified could usually be determined by the presence of any of the few patient signs or treatment needs shown in Table  3 . The algorithm examined whether any of these justifications were present two days prior to the day of discharge. If no justification was present, then the algorithm screen for detecting unnecessary hospital stay was considered positive. Although it is possible to have the last 2 days of the stay justified and earlier days unjustified, this is unlikely [4] .
Evaluating length of stay screens
All three screens to detect excessive stay were tested on the validation sample of 112 charts. These charts were subjected to two levels of review: (1) structured explicit review by a nurse using the modified AEP; (2) review by an internist who used the results of the nurse's review and his own clinical judgement. Neither the nurse nor the internist were aware of the algorithm results. The review by the internist was used as the gold standard to evaluate the three methods for detecting excess stay. The physician who served as the gold standard for the review had little involvement in constructing the algorithm. The performance of the algorithm was measured by the sensitivity and the specificity. The sensitivity and the specificity for the target length of stay and the EBS measure (the difference between the observed and predicted length of stay) depended on the critical value chosen to screen for excess stay. For example, the critical value for the target length of stay may be 5 days, 6 days, etc., and the critical value for the EBS may be 0 days, or 1 or 2 days to be more conservative. In computing the sensitivity and specificity for these measures, we chose critical values so that the specificity would be similar to that of the algorithm. The best measure of performance for the target length of stay and the EBS screens was the area under the ROC curve [11] since this measure does not depend on an arbitrary designation of a critical value. If a method was of no value in discriminating between cases with excess hospital stay and cases with no excess, the area under the ROC curve would be near 0.50. If the method was a perfect discriminator, the area would be 1.00. The area under the ROC curve is less meaningful for the algorithm, but it was computed for purposes of comparison.
Charts that were identified as having medically unnecessary hospital days were examined by the nurse for causes of the unnecessary days using the list of "Barriers to Appropriate Utilization ..." of medical resources developed by Restuccia and Holloway [4] augmented by items from the Delay Index of Selker etal. [12] .
In addition to testing the screening methods described above on the validation data set, we also tested a modification of the EBS method. This modification derived an EBS equation to predict the number of necessary hospital days rather than the number of days the patient actually stayed in the hospital. To derive this equation, we used information on all patients for whom information on the number of necessary hospital days was available from physician review. This included 46 charts in the derivation data set and 112 charts in the validation data set. The modification of the EBS had the disadvantage that it was tested on most of the same patients that were used to derive the equation.
RESULTS
The clinical reviewer used as the gold standard for this study reviewed 46 charts in the derivation data set and 112 charts in the validation data set. Based on the results of this review, 51% of all patients had at least one excess day and 17% of all days in the hospital were unnecessary.
The patient characteristics that were included in the final equation for predicting length of stay are shown in Table 4 . Some variables that were significantly associated with length of stay in the derivation data set (e.g. an abnormal level of alkaline phosphatase, or an interaction term that was positive if the patient had elevated levels of both LDH and creatinine) were eliminated from the regression equation after testing the equation on the national UCDSS data. In the final equation, the patient characteristic that added the most to length of stay was ICU stay A. J. Hartz et al.
Screen
Length of stay (> 6 days)t EBS (> Ot days) Algorithm tThis target value was used to compute sensitivity and specificity but was not used in the computation of the area under the ROC curve.
Xp < 0.05 comparing area under the ROC curve to the results for the algorithm.
beginning on the day of admission which added 4.3 days (p < 0.0005). Age, comorbidities, laboratory results and functional status were also associated with length of stay. The regression equation accounted for 45% of the variation in the length of stay. The correlation of the predicted length of stay from this equation with the number of necessary days in the validation data set was 0.58. The correlation of the number of necessary days with the predicted necessary days from the equation specifically derived to predict necessary days was 0.70. However, this correlation may be substantially higher than it should be, since the equation to predict necessary days was tested on a subset of the data it was derived from. These results suggest that the equation derived to predict observed length of stay may predict the number of necessary days almost as well as the equation specifically derived to predict the number of necessary days.
The performance of the screening measures in the validation data set is shown in Table 5 . Qearly the algorithm is the best screening measure (ROC = 0.84) and significantly associated with excess stay (p < 0.0005). The area under the ROC curve for the algorithm was significantly better than for unadjusted length of stay (p = 0.04) and for length of stay adjusted using the severity of illness (EBS)measure (p < 0.01). To provide a more intuitive comparison of the three screens, we calculated the sensitivities of the continuous screens for target values that give a specificity similar to that for the algorithm. These target values were six days for the unadjusted length of stay screen and zero for the EBS (i.e. observed equal to predicted stay). The sensitivities were substantially lower for the other screens than for the algorithm.
It was surprising that the EBS method, which took advantage of the patient's predicted length of stay, did not perform better than the target length of stay. One reason that the EBS did not perform better is that sicker patients were more likely to have excess stay. The correlation between the predicted length of stay and the excess length of stay was 0.24, p = 0.01.
As an indication of the subjectivity of the clinical judgement used as the gold standard for determining excess stay, we evaluated the agreement between the physician and the nurse review using explicit criteria. The clinician agreed with the nurse reviewer 81% of the time (K = 0.62). When the clinician was compared to another clinician in the derivation data set, the agreement was 75%, K = 0.48 (p = 0.001). It is possible that K = 0.486 may underestimate the level of physician agreement, because neither clinician had the results of the nurse review, nor did they have prior experience reviewing charts for excess stay when their judgements were compared. With the aid of the AEP results, physicians should make more consistent judgements about the presence of excess stay.
To determine whether the operating characteristics or the efficiency of the algorithm could be improved, we examined the number of true and false negatives due to each clinical justification. One justification did not result in any false negatives: respiratory therapy and colored sputum (nine true negatives). There were five false negatives and 17 true negatives due to including shortness of breath as a justification, two false negatives and 12 true negatives due to comorbidities, one false negative and 13 true negatives due to temperature > 100°F and one false negative and eight true negatives due to poor appetite. Based on these results, it appeared that all of the justifications should remain in the algorithm because they accounted for many more true negatives than false negatives. The false positives were due to specific reasons that a patient may require hospitalization (e.g. the patient was homeless and confused) or the patient was judged not to be getting better for reasons other than those in the algorithm. Adding all possible reasons for hospitalization to the list of justifications would make abstraction of the necessary data for the algorithm time-consuming.
The time for abstracting the data for the screens for length of stay was not tracked systematically for all charts. However, it was the judgement of the abstractors that the time required for abstracting the EBS data shown in Table 4 was about 3 min per chart, and the time required for abstracting the data needed for the algorithm in Table 3 was about 5 min per chart. The time required for reviewing the record to determine whether or not there was excess stay was about 45 min for the nurse abstractor using a modification of the AEP and about 7 min for the physician reviewer, who used all of the data collected by the nurse. Time requirements for abstracting will depend greatly on what data are already computerized.
The reasons for the unnecessary hospital days are shown in Table 6 . For each of the reasons for unnecessary days, the algorithm identified a high percentage of patients. This suggests that screening based on the algorithm would be effective at identifying most of the excess hospital stay regardless of the reason for the excess stay.
DISCUSSION
The goal of this study was to compare screens for excess stay. Three screens were used: (1) a method requiring no data abstraction that compared the observed length of stay to a target length of stay; (2) an equation-based screen (EBS) requiring minimal data abstraction that compared observed stay to the stay predicted by patient characteristics and (3) a method requiring about 5 min of data abstraction that used a clinical algorithm. The area under the ROC curve was significantly greater for the algorithm than for the other two methods, suggesting that the algorithm is a better screen. The EBS screen based on severity-adjusted length of stay was no better than length of stay with no adjustment. Although these results may vary depending on the clinician reviewing the medical records, the clinician in this study agreed with the structured nurse review 81% of the time (K = 0.62), suggesting that the results are objective and may be similar in other studies.
The sensitivity and specificity of the EBS screen depended on how well the equation predicted the number of necessary hospital days. No prediction equation based on admission information is likely to be perfect, since there are many unknown patient characteristics, treatments and random events that affect a patient's course of illness. For several reasons, however, it is likely that the severity measure derived in this study will be as good as most severity measures that could be derived: (1) the severity measure was derived using an extensive clinical data base; (2) variables that did not make sense clinically or were not significant in an independent data set were eliminated; (3) many of the variables included in the riskadjustment equation (age, ICU admission, positive blood culture, temperature, low systolic blood pressure, comorbidities) were found to be important predictors in previous studies [13] [14] [15] [16] [17] ; (4) the predicted length of stay from the severity measure had a high correlation with the necessary length of stay, 0.58, in the validation data set.
Since the equation was a good predictor of length of stay by most standards, it was surprising that the EBS was no better than the unadjusted length of stay (i.e. the predicted length of stay did not contribute to screening). One reason that the EBS was not a better method to detect unnecessary stay was that patients who had greater severity of illness were also more likely to have more excess stay. A better predicted length of stay may be developed by using patient information obtained later in the stay such as the CSI maximum severity of illness [18] . It is possible, however, that no severity measure will predict necessary length of stay as well as an algorithm that examines what is happening to the patient at the end of the stay.
The algorithm performed very well in this study with both sensitivity and specificity of almost 85%. It is not evident a priori that a simple algorithm would strongly agree with clinical judgement. For some diagnoses it is possible that only a very complex algorithm that required extensive data abstraction would be adequate for determining excess hospital stay. For the pneumonia patients, however, there were usually only a few reasons needed to justify continued hospital stay.
The performance of the algorithm might not have been the same if other physicians had been used as the gold standard. However, since the physician reviewer for this study agreed with the results of the explicit nurse review 84% of the time, judgement was clearly anchored in objective criteria and other physicians would be likely to give similar results. Although other algorithms may give better results for other physicians, at a minimum the results suggest that it is possible to create a simple computerized algorithm that adequately reflects the judgement of some physicians for a complex medical issue.
The algorithm worked well enough that it can be used to obtain patient profiles on unnecessary hospital stay without requiring extensive physician review.
The results of this study do not establish that computerized clinical algorithms are better than risk-adjusted outcomes for identifying excess hospital stay for all patients. They do suggest, however, that a computerized algorithm may work better for pneumonia patients and that an algorithmic approach should be considered as a potentially valuable method to monitor medical care.
